Abstract: This paper describes a model predictive controller design to regulate the greenhouse micro-climate, where the controller outputs are computed to optimise the future behaviour of the greenhouse's environment, concerning the setpoint accuracy of the internal temperature and humidity described by Takagi-Sugeno (T-S) model. Modelling procedure is based on two steps. First, the identification of the antecedent part where local linear models are valid using the well-known fuzzy C-means clustering algorithm. Then, recursive least squares (RLS) algorithm is used for consequent part parameters adaptation. An adaptive T-S fuzzy model is considered within the control scheme for prediction of the future greenhouse behaviour. The main way of controlling the greenhouse micro-climate is to use heating and ventilation to regulate both internal temperature and humidity. The simulation results show that the proposed approach maintains successfully both temperature and humidity within the greenhouse around the desired set points in the presence of disturbances. The simulation results are compared between MPC controller based on T-S fuzzy model and MPC based on a single linear model.
Introduction
Greenhouses were originally controlled using on-off control techniques or conventional PID controllers and natural cooling systems. However, these control strategies have certain limitations to guarantee the desired performance because they do not take into account the relation between the different variables and components in a greenhouse. More particularly, in Mediterranean countries most of greenhouses are not equipped with advanced regulation devices (Chaabane et al., 2009) .
In fact, the fastest population growth in this region induces the demand of different crop species in all seasons. Due to the prevailing environmental conditions such as high humidity, the big difference between day and night temperatures, especially in summer, the risk of proliferation of different pests and diseases, ask for the development of advanced control strategies to ensure a protected cultivation.
Many authors have introduced solutions for the modelling and the control of greenhouses, such as, neural networks strategies used by Fourati and Chtourou (2007) , H 2 robust control proposed by Bennis et al. (2008) , the work of El Ghoumari et al. (2005) that addresses the application of model predictive control for air temperature regulation, Nachidi et al. (2008) focused in particular on the nocturnal temperature control by means of an artificial heat during cold winter nights. Chen et al. (2013) developed a fuzzy controller for temperature regulation inside the greenhouse. The majority of the developed systems are only dedicated to temperature control. Nevertheless, the humidity has an important effect on crop productivity, authors like Yuquan et al. (2010) proposed an intelligent control system based on a microcomputer, Montero et al. (2011) developed an optimised climate control in different geographic areas, Ramdani et al. (2015) presented a nonlinear predictive control scheme for temperature and humidity regulation.
In the last years, intelligent methods (Azar and Vaidyanathan, 2015) for complex systems modelling and control have proven effectiveness (Zhu and Azar, 2015; Azar and Serrano, 2015b; Boulkroune et al., 2016a) . Where, the techniques based on intelligent representation of processes are directly used in control schemes (Boulkroune et al., 2016b) .
In this work, a Takagi-Sugeno (T-S) fuzzy representation of the greenhouse dynamic behaviour is considered in the predictive control scheme. The first step is the identification of a model structure. An effective technique to identify complex nonlinear plants is to partition the available data into sub-spaces and represent each sub-space by a simple model. Different cluster techniques have been developed such as fuzzy c-means (FCM) algorithm by Li et al. (2010) , Gustafson-Kessel (G-K) algorithm by Gustafson and Kessel (1979) and robust clustering by Zribi et al. (2011) algorithms. In this paper, the well-known FCM clustering technique is used to obtain a fuzzy partition of the available input/output data.
In the second step, a hybrid learning algorithm is used where the parameters obtained in the first step (membership functions) are optimised by a variant of the gradient descent optimisation technique and the least squares method for the consequent parameter estimation (Su and Li, 2010) . Then, the adaptive model is integrated in a predictive control scheme (Gallegoa et al., 2013; Holkar and Waghmare, 2011; Azar and Serrano, 2015a) .
The goal of this study is to investigate the benefits of a dynamic model-based predictive control to develop an effective automated greenhouse located in Algeria's North East at the University Campus. The paper is organised as follows: In Section 2, first-principle model of greenhouse micro-climate is presented. Section 3 outlines the concept of fuzzy modelling and hybrid learning algorithm for tuning the parameters of the fuzzy models. Section 4 is devoted to the presentation of fuzzy C means clustering (FCM) algorithm. Section 5 describes briefly the principle of the model-based predictive control. Experimental results are presented in Section 6. Finally, conclusions are drawn in Section 7.
Analytic greenhouse model
Several models have been used to describe the agricultural greenhouse behaviour in different geographic areas around the world. In this work, we have chosen the model developed by Salgado and Cunha (2005) for its simplicity and the Mediterranean climatic conditions resemblance. This model depends on the external climatic conditions, the structure of the greenhouse, type and state of the crop, the growth season and on actuating control signals such as ventilation, heating and CO 2 injection to influence photosynthesis and cooling by evaporation for humidity enrichment and decreasing the air temperature. The general scheme of the greenhouse is depicted in Figure 1 .
The greenhouse micro-climate model is described by a set of differential equations for the internal temperature, X T (°C), and the internal humidity, X H (kg/m 3 ) by using the energy and mass balances.
The mathematical equations describing the greenhouse micro-climate: ) and C p is the heat capacity per unit volume of air. The heat fluxes due to crop transpiration can be deduced from the crop canopy transpiration and from the inside air saturation deficit.
The heat exchanged by conduction and convection between the cover, soil and internal greenhouse air, depends on the difference between the air temperature and their surface temperature.
where C heat is the heat transfer coefficient expressed per square meter of soil, U heat is the heating control signal (W/m 2 ) and the transferred convective energy is proportional to the difference between the temperature of the heating water system T h and X T the internal temperature (W/m 2°C ). ( )
where C cap,m is mass capacity of the greenhouse humidity in air (m) and
is the canopy transpiration, where c res,h presents a parameter, which reflects the stomatal resistance H stoma to the humidity transpiration and c m,h is a mass transfer coefficient constant (m/s). The c canopy,h represents the canopy humidity range. Φ AI,AE = φ vent (X T -H e ) is the water vapour exchange through the ventilation system, where H e is the outside air humidity, The crop transpiration is driven by the difference in water vapour pressure between the ambient air and the sub-stomatal cavity, which is assumed to be saturated with respect to water vapour. The condensation process Φ cond = c cond,h (H roof (T e ) -X T ) takes place, when the outside temperature is much lower than inside air temperature (especially at night). Where c cond,h is the condensation of water at roof surface (m/s), H roof is the roof humidity.
Online modelling of nonlinear process with T-S fuzzy models
Fuzzy modelling has proved to be a powerful technique for the development of intelligent systems, especially process control, fault detection and isolation, time series analysis and forecasting (Azar, 2010b (Azar, , 2012 . Assume we have a complex nonlinear multi-input and multi-output (MIMO) system with m inputs:
A set of coupled multiple input and single output dynamic fuzzy models of the input-output nonlinear autoregressive exogenous (NARX) type can be used to approximate the multi-variable system (Mollov et al., 2004; Azar, 2010a) :
where x is the regression vector, j u n and n y are respectively the orders of u j and y ℓ . The fuzzy model is designed using a set of 'IF ··· THEN ···' nonlinear sub-models.
where c is the sub-models number, and 
( 1)
where β i,j (x kj ) is the membership degree of x kj in the fuzzy set , .
Z is the grade of accuracy of the i th sub-model.
Fuzzy clustering for structure identification
The most critical task when designing a fuzzy model is certainly the antecedent if-part identification. In this paper, the premise parameters are obtained using fuzzy C means clustering (FCM) algorithm. This method is an extension of Gustafson and Kessel (1979) where an adaptive distance norm is employed in order to detect clusters of different geometrical shapes in one dataset (Palit and Popovic, 2005) . Given a data set of input-output pairs, the design matrix Z is constructed by combining the regression data matrix x and the output vector y:
Thus, each observation is a column vector with (n + 1) dimension.
, , ,
The FCM clustering algorithm:
Given Z, choose 1 < c < N, m > 1 and ε > 0. Initialise U
Repeat for l = 1, 2, …
Step 1 Compute cluster means
Step 2 Compute covariance matrices
Step 3 Compute distances ( ) ( ) 2 1 1, 2, , , 1, 2, ,
Step 4 Update partition matrix 
.
The characteristic of FCM consists in parameter m that determines the behaviour of the clustering algorithm. The larger m is the fuzzier the partition. In the modified FCM by GK (Gustafson and Kessel, 1979) , the distance D ik defined as:
is an adaptive distance which allows a great flexibility to the GK algorithm.
Parameter adaptation procedure
Once the model structure is identified, the rule consequents form a set of linear equation leading to a linear regression problem, which can be solved by a recursive least squares estimation (RLSE) (Qi and Brdys, 2005) . We can rewrite equation (6) in matrix form:
First, a least square estimate Θ * must be found in order to minimise the cost function
where S k represents a covariance matrix. The parameters obtained by the identification procedure can be optimised or fine-tuned by a variant of gradient descent optimisation techniques (Ramdani et al., 2015) .
Model-based predictive controller design
The MBPC strategy depicted in Figure 2 consist for each controller of four basic elements: 1 an explicit model, which describes the process and predict its future response 2 an objective function 3 constraints on the process and control variables 4 an optimisation procedure (Satoh et al., 2016; Ben Hamouda et al., 2015) .
State-space model for prediction
Typically, the greenhouse is a nonlinear multi-variable process which makes the application of the linear MBPC difficult. For that, the MIMO nonlinear autoregressive with exogenous input (NARX) greenhouse model in equation (6) The MIMO NARX input greenhouse model is transformed into a multivariable linear state space representation. Equation (6) is re-written in the following form:
( 1 5 ) with (
[ ]
represents the state matrix,
is the control matrix,
is the output matrix and ,1 n η ∈ ℜ represents the offset vector. 
where, 
Optimisation procedure
At every control horizon, the cost function depends on the predicted future system inputs and output. In general, the difference between plant outputs and a reference trajectory is used in combination with a cost term on the control effort. With constraints, the optimisation problem is a convex quadratic programming problem. Quadratic programming QP algorithms solve a sequence of optimisation problems; each sub-problem optimises a quadratic form of the cost function subject to the constraints (16). The quadratic form is given by:
where r k+s is the future reference trajectory (setpoint), ˆ( | ) y k s k + is the predicted system's output, u is the control vector, H p is the prediction horizon, H c the control horizon and Q, R are a positive definite weighting matrices.
Experimental results
To emulate the behaviour of the greenhouse process, nonlinear model (1) and (2) is approximated by T-S fuzzy model from the data set depicted in Figure 3 . Where, the heating U heat (W/m 2 ), the ventilation U vent (m/s) are selected as manipulated inputs, the solar radiation G (W/m 2 ), the external temperature T e (°C) and humidity H e (kg/m 3 ) are measurable disturbances.
The time evolution and the performance of the T-S fuzzy model of the temperature X T (°C) and the humidity X H (kg/m 3 ) over two days are shown in Figure 4 . Figure 5 illustrates the evolution of the temperature X T (°C) and the humidity X H (kg/m 3 ) with a single linear model. The prediction results of c models, were evaluated by a set of input/output data during training and testing phase by using as performance index the root mean square error (RMSE) and the mean absolute percentage error (MAPE) mentioned in Table 1 , the input/out put data were divided into two subsets (50%) used to train the fuzzy model and (50%) used for checking dataset to validate both the T-S fuzzy model and the ARX model. The errors are defined as:
( 1 8 ) with k is the sample number, N is the length of the dataset, ˆ( ) y k the predicted value and y(k) the measured value. The nonlinear model is approximated by T-S fuzzy multiple model with five local linear models using the fuzzy C-means clustering algorithm. Where, the air temperature X T (°C) and the humidity X H (kg/m 3 ) inside the greenhouse are selected as outputs. The regressor vector for X T (°C) is: [ ]
The model parameters of the T-S fuzzy model are given in the Appendix. A diagram of the overall control process structure based on the model predictive control (MPC) scheme is shown in Figure 6 .
The predictive controller was designed with the following empirical prediction parameters: H p = 10, H c = 3, the sampling period Ts = 2 min and 1 0 ,
To test the performance of the proposed control strategy, FMPC controller is expected to reject three measurable disturbances: the solar radiation G(W /m2), the external temperature T e (°C) and the external humidity H e (kg/m 3 ). Figure 7 illustrates the closed-loop performance of the FMPC scheme when the system disturbances due to change of solar radiation and external temperature appeared at time instants 8 h and 31 h, by adjusting the two manipulated variables: heating (0 ≤ U heat ≤ 1) and ventilation (0 ≤ U vent ≤ 1), corresponding to a range of 0% to 100% of the actuator nominal capacity.
The predictive controller signals that permit to reach the set values taking into account both day and night temperatures influence. Assuming that the model predictive control strategy has an excellent ability to reject disturbances. Note that the setpoint values of the greenhouse micro-climate variables y sp are chosen by the grower to prevent stress on the plants, pests and diseases based on environmental parameters and experience. In the present work, only the inside temperature X T (°C) is being limited between 10°C and 35°C. In order to evaluate the controller performances, a comparative study was done with a linear model-based predictive controller as depicted in Figure 8 . The linear MPC controller is based on ARX model, which is converted to state space model using the same procedure described in Section 5.1 and the same regressors ζ 1 and ζ 2 . The linear model predictive controller shows behaviour with upper demand on controlling energy compared with a fuzzy predictive controller when attempting to reject the influence of solar radiation and the external temperature as shown in Figure 8 .
According to Table 2 , the performances of the fuzzy model-based predictive controller and the MPC based on a linear ARX model are summarised in terms of different specifications such as rise time and settling time. It can be observed that the FMPC controller performs better than the LMPC controller. Note that, the greenhouse is a slow process. 
Conclusions
This paper investigates the fuzzy predictive control for the greenhouse, indoor micro-climate regulation. The technique is based on the identification of a T-S fuzzy model representing the greenhouse behaviour. The simulation results prove the high performance of the control law to regulate both temperature and humidity within the greenhouse in its full operating regime despite the important changes in measurable disturbances. The manipulable variable sequence is gotten using a quadratic programming (QP) method to solve the constrained optimisation problem. It is worth noticing that a deeper analysis concerning the influence of the controller design parameters on closed loop control performances is necessary. The proposed fuzzy model predictive control scheme yields better improvement for the greenhouse control objectives. Also, a comparative study with other control strategies is under way. 
